Proposed legislation to secure and maintain soil quality in Europe has generated interest surrounding how best to characterize soil geochemistry, and how to assess and monitor soil contamination. Visible-near infrared (vis-NIr), mid-infrared (MIr), and portable X-ray fluorescence (pXrF) spectroscopy can reduce time and cost associated with new soil monitoring programs. Before becoming deployable, accuracy of these techniques needs to be quantified. This study investigated potential of these techniques to characterize a full suite of soil geochemistry (40 elements), pH, and soil organic carbon (SOC) in a diverse set of agricultural soils from the Irish National Soil Database (NSDB) archive. Cubist models were employed to assess goodness of fit from spectrally derived estimates of each soil property. Then a model ensemble, or model averaging, approach was tested to examine if combining model outcomes of either vis-NIr or MIr with pXrF could improve accuracy of soil property prediction. In total, 15 of the 42 soil properties could be predicted to a good accuracy status using individual spectral methods, mostly achieved by MIr and pXrF. Combining model outcomes of vis-NIr or MIr with pXrF resulted in a positive improvement, increasing the number of soil properties that could be predicted from 15 to 25. Most notably is the large number of trace elements (As, Cd, Co, Cu, Hg, Mn, Ni, and Zn) predicted to good or reasonable accuracy. It was concluded that the synergistic use of vis-NIr, MIr, and pXrF spectral methods is well placed as a tool to permit large scale routine soil monitoring.
T he strategy for protection of soils in Europe (European Commission, 2006a ) recognizes a number of degradation processes or 'threats' to important soil functions. Among these is soil contamination arising from the introduction of substances on/in the soil that hamper soil functions, or present risks to human health or the environment. Proposed legislation for the protection of soils in Europe outlines a plan for member states to identify contaminated sites and introduce a program of remediation (European Commission, 2006b) . A lack of legislation for soil protection in Europe (aside from the Directive on the management of waste from extractive industries [European Commission, 2006c] ) makes regulation of contaminated sites difficult ( Jones et al., 2012) . In the 39 countries of the European Environment Agency, the total number of contaminated soil sites in 2011 was estimated to be 2.5 million. The key sources of soil contamination arose from waste disposal and treatment, industrial, and commercial activities (e.g., mining, oil extraction, and power plants), storage (e.g., oil, oil extraction, and obsolete chemicals), transport spills on land (e.g., oil and other hazardous substances), mili-tary operations, and other (shooting ranges, agricultural sites, and waste water treatment facilities; European Environment Agency, 2014). Apart from this, diffuse pollution is another matter for which a more widespread national approach is required for detection of soil contamination. Before the implementation of any monitoring program, characterization of soil geochemistry is required to quantify a geochemical baseline from which to assert anthropogenic pollution (Galuszka and Migaszewski, 2012; Galuszka, 2007) . Some research on heavy metals has highlighted the necessity for soil quality standards for soils in distinct climatic regions (Mico et al., 2007 (Mico et al., , 2006 and has demonstrated that sources of heavy metals in soils can be differentiated by lithogenic or anthropogenic origin (Mico et al., 2006) .
A barrier to remediation is the lack of cost-effective approaches to assessment (Horta et al., 2015) . There is a need for fast and reliable techniques to diagnose contaminated areas, and to monitor remediation processes that by-pass slow and expensive wet chemistry analytical laboratory procedure. Spectroscopic methods such as infrared and pXRF spectroscopy offer alternative methods. This study focused on (i) vis-NIR and MIR spectroscopy that require chemometric analysis to calibrate absorption spectra with reference (laboratory) soil data to infer soil properties, and (ii) pXRF spectroscopy that estimates the concentration of each element directly using an internal factoryinstalled calibration for the estimation of elemental content directly from the soil, and also offers the possibility of using the raw pXRF spectra to infer elemental composition using chemometric approaches.
Mid-infrared spectroscopy is known to have a greater predictive ability for soil geochemistry compared with the vis-NIR (Reeves and Smith, 2009 ), but despite this a lot of interest surrounds vis-NIR because it is generally cheaper. In the vis-NIR many trace elements are spectrally featureless, and only exhibit inherent spectral features at high concentrations (i.e., Cr and Cu at >4000 mg kg -1 ; Wu et al., 2007) . Low levels of heavy metals can be indirectly predicted from spectra due to their association with Fe oxides, clays, and organic matter (Wu et al., 2010) . The pollutant metals As, Cd, Cr, Cu, Hg, Pb, Ni, Sb, and Zn have been successfully determined by vis-NIR spectroscopy in soils and sediments (Kemper and Sommer, 2002; Kleinebecker et al., 2013; Malley and Williams, 1997; Wu et al., 2005 Wu et al., , 2007 , however, not all pollutant metals are predicted satisfactorily for each study site. Assessment of a full suite of soil geochemistry from large geographical datasets has shown a high number of elements to be determined by MIR spectroscopy Al, B, Be, Bi, Ca, Ce, Co, Cr, Cu, Cs, Fe, Ga, In, K, Li, Mg, Mn, Na, Nb, Ni, P, Rb, S, Sc, Sr, Ti, Th, V, Y, Zn, and Zr (Soriano-Disla et al., 2013a; Reeves and Smith, 2009) . A smaller number of studies have investigated MIR for heavy metal contamination and have conversely reported MIR to be only slightly (Bray et al., 2009) or markedly (Siebielec et al., 2004) more accurate than NIR for measuring soil metal content.
X-ray fluorescence spectroscopy compared with wet chemistry methods for geochemical characterization of soils offers reasonably high accuracy for a range of elements (Goldstein et al., 1996; Kalnicky and Singhvi, 2001 ). This has led to the development of an established screening method for pXRF in on-site analysis of soils and sediments in the United States of America (United States Environmental Protection Agency, 2007; Soil Survey Staff, 2014) . Elsewhere, in the absence of a standard method, investigation of measurement accuracy for soil types or study sites of interest is necessary to establish performance characteristics for decision making purposes, since detection limits for pXRF analysis are both element and matrix dependent (Kalnicky and Singhvi, 2001 ). Similar to vis-NIR in recent studies of soil contamination, not all pollutant metals are predicted satisfactorily at each study site (As, Cd, Cr, Cu, Hg, Ni, Pb, and Zn; Hu et al., 2014; Weindorf et al., 2012) .
On the basis that many soil laboratories now have vis-NIR, MIR, and pXRF spectroscopy instrumentation, it is of interest to examine what the combined capability of these technologies are for the prediction of soil geochemistry. There have been a number of successful outcomes of data fusion involving the concatenation, or merging, of pXRF elemental concentrations with vis-NIR spectra. Estimation of total C and total N were improved following this procedure using random forest regression and penalized spline regression . Similarly, estimation of soil salinity was improved by pXRF, vis-NIR, and remote sensing data fusion and partial least squares regression . An advanced data fusion model using vis-NIR based penalized spline regression followed by pXRF elemental based random forest regression to model the penalized spline results improved total petroleum hydrocarbon estimation in soil . In all three studies, the fused data model outperformed the models that utilized a singular spectral device. The current study takes a different approach to the synergistic use of vis-NIR, MIR, and pXRF. Specifically, it examines if the synergistic use of model outcomes from vis-NIR, MIR, and pXRF can improve the accuracy of soil properties. Combining different model outcomes in this way is termed model ensemble or averaging (Rojas et al., 2008) . Such a combinatorial approach has for example, been shown to improve accuracy of soil pH in digital soil mapping (Malone et al., 2014) . The aim of this study was to examine which elements, plus pH and SOC, can be predicted accurately by each independent soil scanning technology, vis-NIR, MIR, and pXRF spectroscopy. Then a model averaging approach was tested to examine if the synergistic use of vis-NIR or MIR and pXRF could improve the accuracy of soil property prediction, for the overall characterization of soil geochemistry.
MATErIAlS AND METHODS

Geochemical Soil Dataset
A representative subset of soil samples (n = 322) and associated geochemical data was collected from the NSDB soil archive. The NSDB is baseline representation of soil geochemistry in the Republic of Ireland (Fay et al., 2007a ) with a total 1310 samples. Subsamples represent five land use types (grass, rough grass, tillage, forest, and bog), seven soil associations (Irish Soil Classifications with U.S. Soil Taxonomy Order equivalents: Acid Brown Earths-Inceptisols; Podzols and Brown PodzolicsSpodosols; Gleys-mostly Aquept suborders of Inceptisols, Gray-Brown Podzolics-Alfisols; Lithosols-Entisols; PeatsHistosols) and ninw parent material types (basalt, granite, and rhylolite, impure limestone, pure limestone, sandstone, sandstone and shale, shale, and schist; Fay et al., 2007b) . Irish National Soil Database Base soil samples (0-10 cm) were collected from fixed locations on a predetermined grid of 10 × 10 km 2 , with a 20 × 20 m sampling location at the central point of the grid. Each soil sample being a composite of samples collected at 5-m intervals. Soil chemical analysis was completed as part of compilation of the NSDB (Fay et al., 2007b) . This was performed as follows; for each sample, 200 mg of oven dried (40°C) and homogenized soil (<0.42 mm) was digested to dryness on a hotplate with 10 mL of hydrofluoric acid (HF), 5 mL of perchoric acid (HClO 4 ), 2.5 mL of hydrochloric acid (HCl), and 2.5 mL of nitric acid (HNO 3 ), made up to 10 mL in 20% aqua regia and then analyzed for Al, Ba, Ca, Cr, Fe, K, Li, Mg, Mn, Na, P, S, Sr, Ti, and V by inductively coupled plasma (ICP) optical emission spectrometry and As, Cd, Ce, Co, Cu, Ga, Ge, Hg, La, Mo, Nb, Ni, Pb, Rb, S, Sb, Sc, Se, Sn, Ta, Th, Tl, U, W, Y, and Zn by ICP mass spectrometry. Soil pH was determined using a digital pH meter with a glass electrode in 1:2 soil/water suspension. Soil organic carbon (SOC) was determined by the Walkley-Black method (Walkley and Black, 1934) during an initial survey of south-east Ireland, and by dry combustion using a Leco CN-2000 C analyzer (Leco Corp.) for the later national survey in 2003/2004 . A correction factor of 1.16 (Brogan, 1966) was applied to the Walkley-Black values account for the difference in methodology (See Fay et al. [2007b] for further details). Table 1 shows the summary statistics of the analytes used in this experiment based on the 322 samples used. In total 42 chemical properties (40 elements, plus pH, and SOC) were examined of which major nutrients (P, K, Mg, S, and SOC), major elements (Ca, Fe, Na, Al, and Ti), trace elements essential to most organisms (Co, Cr, Cu, Mn, Mo, Se, and Zn), and trace elements of special interest (As, Cd, Hg, Ni, and Pb) were given particular consideration as being important to physiological function of plants, animals, and/or microorganisms, or as having a potential harmful effect on the environment (Fay et al., 2007a (Fay et al., , 2007b .
Spectral Measurements
Visible-near infrared soil spectra were collected using an AgriSpec instrument with a contact probe (Analytical Spectral Devices, Boulder, CO). Soil samples were oven dried (40°C), sieved (<2 mm), and placed in an open Petri-dish for scanning. Soils were illuminated by a halogen lamp (4.5 W) and reflected light was transmitted to the spectrometer through a fiber optic bundle. Scans were collected in the wavelength range 350 to 2500 nm at a 1-nm interval. A Spectralon radiance calibration panel (Labsphere Inc., North Sutton, NH) was used as a reflectance standard. The probe was repositioned between scans to collect three replicate measurements for each soil sample to account for anisotopic effects. Each soil spectrum was obtained as the mean of three scans.
Mid-infrared spectra were collected using a Bruker TENSOR 37 FT-IR spectrometer (Ettlingen, Germany) with a diffuse reflectance attachment (Harrick Scientific Products, Pleasantville, NY). Powderized soil samples (<200 mm) were scanned in sample wells of 4-mm diameter and 1 mm thick. Scans were collected in the wavelength range 2500 to 25,000 nm (4000-400 cm -1 ) at a 2-cm -1 interval, using pure spectral grade KBr powder as the background reference. Portable X-ray fluorescence spectra were collected using a Olympus Delta Premium pXRF Analyzer (Olympus, Center Valley, PA). In soil mode, the pXRF device is a three-beam configuration at 50, 40, and 15 kV. Samples were scanned for 30 s per beam. Soils (<200 mm) were scanned in triplicate in double open ended sample cups, 32 × 24 mm, sealed by polypropylene X-ray film (United States Environmental Protection Agency, 2007) . The pXRF has a internal factory installed calibration procedure based on the Compton Normalization Method to estimate elemental concentration of the soil directly in mg kg -1 or %. The instrument was calibrated against a blank (background). A set of NIST soil standards with varying elemental concentrations (SRM 2709, SRM 2710, SRM 2711) was run after every 30 samples. The pXRF output produced a geochemical profile of elemental concentrations and raw pXRF spectra for each of the three beams.
Chemometric Analysis
A multivariate statistical model is required to predict soil properties from vis-NIR, MIR, and pXRF spectra. A regression rule technique, Cubist, was executed using the R statistical software (version 2.15.3) with the Cubist package (Kuhn et al., 2013) . Cubist (Holmes et al., 1999; Quinlan, 1993) operates by creating rules, where each rule is a linear model of the predictors, similar to piecewise linear functions. It has been shown to be applicable in soil chemometrics as it respects the upper and lower limits of the data resulting in positive prediction values (Minasny and McBratney, 2008) . A control parameter was used to define an explicit number of rules and prevent over-fitting of the model (Kuhn et al., 2013) .
Reflectance (vis-NIR and MIR) was converted to absorbance log(1/R). Noisy sections from the vis-NIR spectra were removed by cropping 50 nm from each end of the spectrum. X-ray fluorescence was analyzed as raw spectra. The dataset was split randomly into 75% for calibration (n = 242) and 25% for validation (n = 80), and maintained for each Cubist model. Cubist models were developed for pH, SOC, and total elements in turn using the mean vis-NIR, MIR, and pXRF spectra. Soil properties were examined using pXRF in several ways; (i) pXRF models were generated using the concatenated, or combined, pXRF bands, (ii) pXRF models based on individual pXRF Bands 1, 2, and 3 were produced to test if the target atomic mass of pXRF excitation bands was more efficient for the prediction of certain elements, and (iii) pXRF models were produced using the elemental data to compare with the pXRF spectrally derived estimates.
The performance parameters, correlation coefficient (R 2 ), root mean square error (RMSE), and ratio of performance to inter-quartile distance (RPIQ) were calculated. Models were ranked by RPIQ as a measure of the goodness of the calibration models (Bellon-Maurel et al., 2010) , calculated as the interquartile range (IQ)/RMSE of prediction:
where Q3 is the third quartile and Q1 is the first quartile, and
 y is the predicted value, y is the reference value, and n is the number of observations. A model averaging method was employed to combine predictions from either vis-NIR or MIR, and pXRF models. Model averaging combines the most relevant aspects and disregards the irrelevant aspects of each contributing model. The GrangerRamanathan averaging method (Granger and Ramanathan, 1984) uses ordinary least squares regression to exploit covariance structure in the prediction errors, where the weighting attributed to each prediction model do not necessarily sum to one. This involves fitting a multiple linear regression model where observed soil property values are regressed against the corresponding predictions derived from MIR and pXRF spectra:
Here Y is the vector of the observed values (soil property of interest), X pXRF and X MIR are their corresponding predictions from spectral models. Ordinary least squares was then used to solve for W 0 , W MIR , and W pXRF . The intercept, W 0 , is a bias correction between observed values and the individual MIR and pXRF predictions. W MIR and W pXRF is the weight attributed to the MIR and pXRF models. In cases where soil properties were best predicted from the vis-NIR spectra, vis-NIR was used, else MIR was prioritized. The model averaging procedure was performed in R on both calibration and validation data sets.
rESUlTS AND DISCUSSION
Sample Characterization
There were a number of highly skewed elements in this dataset (Table 1 ) including major elements, that is Ca, which fell within the normal range for Ireland ) and trace elements of special interest which are toxic to organisms at low concentrations, that is Hg, known to arise in association with some Zn-Pb and sulphide deposits, as well as urban and historic mining and other unknown anthropogenic influences in Ireland (Fay et al., 2007a) . Although the NSDB represents uncontaminated and largely agricultural locations in Ireland, some elevated concentrations of trace elements arose, which probably aided successful prediction of soil properties from soil spectra. Maximum concentrations of trace elements in the dataset all exceeded low level thresholds and represented elevated concentrations in either medium or high limit classes as set by the European Union Sewage Sludge Directive relating to the use of sewage sludge in agriculture (European Economic Community, 1986) . In Irish soils, much of these elevated concentrations are attributed to soil parent material, such as limestone and limestone shale (Cd), carboniferous age basalts (Cr), volcanics in greywackes (Cu, Cr, Ni, Pb) and igneous rocks (Zn; Fay et al., 2007a) .
Vis-NIr, MIr, and pXrF Prediction of Soil Properties
The results of the vis-NIR, MIR, and pXRF calibration models and predictions are presented in Table 2 and 3, respectively. To overcome the problem of skewed data, the RPIQ (Bellon-Maurel et al., 2010) was used to rank the prediction models. Interquartile range accounts for 50% of the population around the median and provides a better indication of the population range compared with the standard deviation (BellonMaurel et al., 2010 ). An RPIQ classification was devised for vis-NIR, MIR, and pXRF (3 band) predictions in this study. Good prediction was defined as >0.75, reasonable was defined as 0.56 to 0.75, and not reliable was defined as <0.56. Note that this classification was to facilitate interpretation of this data only and is not implied as a general rule.
In terms of predictive performance between the spectral methods (Table 3) , pXRF produced a good fit for a total of 13 elements (Al, Ba, Ce, Cu, Ga, Ge, K, Nb, Sc, Sr, Th, Ti, and V), MIR for 13 elements (Al, Ba, Ga, Ge, K, Na, Nb, Sc, Sr, Th, Ti, V, and W) as well as pH and SOC, and vis-NIR produced a good fit for 6 elements (Al, Ce, Ga, Ge, Nb, and Ti). The best performing spectral method for prediction of each soil property is listed in Table 3 for comparison. A small number of predictions failed outright, and were not worthy of comparison (Sb, Se, Sn, and U). Of these predictions the justification is partly because the concentration range in validation exceeded calibration for Sb, Sn, and U. A number of elements were predicted with an unreliable accuracy (RPIQ < 0.56), Ca, Cd, Cr, Hg, Li, Mn, Mo, Pb, and S. These elements had either a light atomic mass (Li, S, and Ca) or are trace elements (Cd, Cr, Hg, and Pb). Prediction of high values was difficult for the elements Mn and Mo. In all, 17 soil properties (15 elements plus pH and SOC) were predicted with good accuracy and 12 elements to reasonable accuracy between the three spectral methods.
Prediction of elements from the vis-NIR is feasible when (i) they have constituents in molecular vibrating groups C-H, N-H, O-H, C-O, C-N, N-O, and C-C in organic materials or (ii) are correlated with other spectrally active compounds in the soil such as Al, Fe, and Mn oxides and oxy-hydroxides (Du and Zhou, 2009; Janik et al., 1998; Sarathjith et al., 2014; Soriano-Disla et al., 2014; Viscarra Rossel et al., 2006) . Elements predicted in the case of (ii), by 'surrogate' correlation involving either primary (i.e., clay) or secondary (i.e., organic matter) soil properties, and can be referred to as 'tertiary' soil properties. In the case of tertiary soil properties, it is interesting to note that investigations with pot trials of differing concentrations of Cd and Zn in highly contaminated soils, suggested there should not be any inference with prediction of primary or secondary soil properties (Wu et al., 2010) .
Intense fundamental molecular frequencies dominate the mid-infrared (2500-25,000 nm), with weak overtones and combinations in the near-infrared (700-2500 nm), and electronic transitions in the visible (400-700 nm) region, accounting for mostly higher R 2 and RPIQ for MIR predictions compared with vis-NIR, as shown here, and also reported in a study of U.S. soils Table 2 . Goodness of fit of pH, soil organic carbon (SOC), and total elements derived from near infrared (vis-NIr), mid-infrared (MIr), and pXrF (portable X-ray Fluorescence, 3 bands combined) spectra for the Irish National Soil Database calibration data set (n = 242). All units are mg kg -1 , except SOC, Al, Ca, Fe, K, Mg, Na, P, and S in g kg -1 . † by Reeves and Smith (2009) . In this U.S. study, a small number of elements (Co, Cr, Mg, and Ni) were accurately predicted by both methods (Reeves and Smith, 2009 ). Here, Cr, Mg, and Ni were shown to have similar prediction results from vis-NIR and MIR, but did not achieve good accuracy. Similar to other soil spectral studies (Kemper and Sommer, 2002; Wu et al., 2007 Wu et al., , 2005 , prediction of some elements appeared to be possible through association with Al and Fe, and not with chemical parameters SOC and pH (Table 4) . Many of the elements in the current study that were correlated (R > 0.70) with Al and to a lesser degree Fe, are reflective of relationships reported by Soriano-Disla et al. (2013a , 2013b in European agricultural soils. The elements showing high inter-correlation are mostly minor elements; Ce, Ga, Ge, Sc, Th, Ti, V, and W (Table 4) .
Elements were derived from pXRF raw spectral data to varying degrees of accuracy. A number of elemental concentrations were below the level of detection of the pXRF instrument (see Fig. 1 for Limits of Detection), but could be modeled using the raw spectra regardless. Cubist models executed for each soil property against pXRF Bands 1, 2, and 3 determined if any elemental predictions could be derived from a single pXRF band with more efficiency, given the targeted atomic mass of each excitation band. Model calibrations showed individual pXRF bands produced a superior model for each element (Table 5 ). However, this did not hold in model validation, where most elements (n = 21) were best predicted from a combination of three bands (Table 5) for both light (e.g., Mg, P, and S) and heavy (e.g., Tl, Ce, and Th) elements.
A comparison of total elements determined by the pXRF factory installed calibration procedure with the pXRF spectrally derived estimates is presented in Table 6 . Results are shown for elements that have ³90% sample concentrations above the limit of detection. Based on RPIQ of validation, the elemental estimates based on the pXRF factory installed calibration method were most accurate technique in general. However, it is important to note the goodness of fit derived from pXRF spectra depends to a large extent on the accuracy of the reference chemical data used to build the model. For ICP the type of digestion method used is not a total digestion procedure. It is a very strong acid digestion to dissolve almost all elements that could become 'environmentally available' . Furthermore, the aqua-regia digestion will achieve differing extraction efficiencies for different analytes of interest (United States Environmental Table 3 . Goodness of fit of pH, soil organic carbon (SOC), and total elements derived from visible-near infrared (vis-NIr), mid-infrared (MIr), and portable x-ray fluorescence (pXrF, 3 bands combined) spectra for the Irish National Soil Database validation data set (n = 80). All units are mg kg -1 , except SOC, Al, Ca, Fe, K, Mg, Na, P and S in g kg -1 . † Protection Agency, 1996) . Here, factory installed pXRF calibration is based on Compton peak ratio, where the Compton peak is produced by backscattering of the source radiation (otherwise, the pXRF spectrometer factory installed calibration can be empirically based on site-specific calibration standards, which utilize a total digestion procedure [United States Environmental Protection Agency, 2007] ). As a result the pXRF spectrally derived elemental estimates are expected to be lower than the pXRF factory installed calibration estimates. From the results, it is apparent that a number of elements (Ba, Cu, Sr, Th, and Ti) could be predicted from either approach, while K was unique in being predicted to a good status directly from pXRF spectra only. Calcium and S could not be predicted reliably by pXRF at all. pXRF calibrations do not exist for Al, Ga, Ge, Li, Mg, Na, and Tl in SOILMODE for the instrument used in this study, however the spectrally derived results observed that predictions are possible for Al, Ga, and Ge to good accuracy, Li and Mg are possible to reasonable accuracy, and that measurement of Na and Tl will not be possible with pXRF (Table 3) .
Potential of Synergistic Use of Spectral Methods in Soil Analysis
The data fusion approach, employed by Wang et al. (2015) , Aldabaa et al. (2015) , and Chakraborty et al. (2015) , was tested on a range of elements in the preliminary stages of this study. This involved concatenation of vis-NIR, MIR, and pXRF spectra, followed by Cubist modeling of the combined data. Overall, data fusion was found not to be successful (results not shown). This outcome is thought to be due to a large amount of redundancy in the combined spectra. This contrasts to the findings of Wang et al. (2015) , Aldabaa et al. (2015) , and .
To test the theory of model ensemble, that states the new combined outcome is at least as good as any of the individual outcomes (Malone et al., 2014) , model averaging was performed on vis-NIR or MIR and pXRF. Overall this resulted in a positive improvement in the prediction of a large number of elements, pH, and SOC. A much larger number of soil properties achieved good predictions (RPIQ > 0.75) when model outcomes from the vis-NIR or MIR were combined with pXRF (Table 7) . Table 5 . Goodness of fit of pH, soil organic carbon (SOC), and total elements derived from combined portable x-ray fluorescence (pXrF) bands (pXrF 3 Bands) and individual pXrF bands (pXrF Band 1, Band 2, and Band 3) for the Irish National Soil Database validation data set (n = 80). All units are mg kg -1 , except SOC, Al, Ca, Fe, K, Mg, Na, P, and S in g kg - Compared with using any single spectral method, the number of soil properties with good predictions increased from a maximum of 15 to 25 when spectral methods were combined. As observed (Table 3) , a different range of soils properties were well predicted by each of the spectral methods. Following model averaging (Table 7) , a total 22 out of 25 soil properties with good prediction status out-performed the predictions produced for any of the individual models derived from singular vis-NIR, MIR, or pXRF methods alone.
As a consequence, a better range of soil properties can be predicted in the soil property groups of interest; major nutrients (P, K, Mg, S; and SOC, pH), major elements (Al, Ca, Fe, Na, and Ti), trace elements essential to most organisms (Co, Cr, Cu, Mn, Mo, Se, and Zn), and trace elements of special interest (As, Cd, Pb, Hg, and Ni). Most soil properties are predicted to good or reasonable accuracy. However, trace elements Cr, Mo, Se, and Pb remain difficult to detect. Soil nutrients P and S are well known to be difficult to detect by vis-NIR or MIR (Viscarra-Rossel et al., 2006) , and this is also true for pXRF owing to the light atomic mass of these elements.
In summary, a total of 25 soil properties were predicted to good accuracy (pH, SOC, Al, Ba, Ca, Ce, Co, Cu, Fe, Ga, Ge, Hg, K, La, Mg, Na, Nb, Rb, Sc, Sr, Ta, Th, Ti, V, and W) with a further seven elements to reasonable accuracy (As, Cd, Ce, Mn, Ni, Tl, and Zn), and a total of ten elements were not reliably predicted (Cr, Li, Mo, P, Pb, S, Sb, Se, Sn, and U). Overall, the unreliable predictions present a barrier for the synergistic use of vis-NIR, MIR, and pXRF for the characterization of a full suite of soil geochemistry. However, reasonable to good predictions for many trace elements As, Cd, Hg, Mn, Ni, and Zn in this dataset of unpolluted soils is encouraging and indicates that measurement of a full suite of geochemistry might be possible following further work on the synergistic use of vis-NIR, MIR, and pXRF. Predictions for a small number of soil elements in the good to reasonable prediction accuracy categories were not enhanced by model averaging; As, Ga, K, Ni, and Zn. This selection of elements are more accurately predicted by single spectral methods, either vis-NIR (Zn), MIR (K, Ga), or pXRF (As, Ni).
Implications of These results for large Scale routine Soil Monitoring
This study combined three spectral techniques to predict a total 25 soil properties to good accuracy. This advancement in soil testing could make a considerable amount of additional soil information available with many useful applications. Most importantly, the synergistic use of spectral techniques has the potential to make soil geochemical measurement more feasible in terms of time and cost input. This synergistic approach could be used to facilitate the characterization of soil geochemical baselines and in the implementation of large scale monitoring schemes. Areas of soil management that would benefit from a rapid measurement of geochemical data are environmental and health risk assessment, soil nutritional status, and application of organic amendments (Soriano Disla et al., 2013a) . This includes pedology applications, where both pXRF and vis-NIR can contribute to field observations .
The most compelling result in this study is the good to reasonable prediction of many trace elements, both those which are associated with anthropogenic pollution (trace elements of special interest As, Cd, Hg, and Ni) and those important to human Table 6 . Goodness of fit of total elements determined by conventional portable x-ray fluorescence (pXrF) calibration and derived from pXrF spectra for the Irish National Soil Database validation data set (n = 80). The goodness of fit for the conventional pXrF calibration data set are given for comparison with and animal health (essential trace elements Co, Cu, Mn, and Zn) in a dataset of non-polluted soils. To give this result perspective, case studies in polluted environments have rarely been able to successfully deliver a full assessment of soil contamination by using either vis-NIR or pXRF methods (Bray et al., 2009; Hu et al., 2014; Kemper and Sommer, 2002; Kleinebecker et al., 2013; Malley and Williams, 1997; Siebielec et al., 2004; Weindorf et al., 2012; Wu et al., 2007; 2005) . In the case of pXRF, results are influenced by the digestion procedure before ICP analysis (as discussed above in Vis-NIR, MIR and pXRF prediction of soil properties section). This reinforces model averaging between vis-NIR/MIR and pXRF as a mechanism for the determination of trace elements. It is anticipated that prediction accuracy for some trace elements could improve if contaminated soils were Table 7 . Goodness of fit of pH, soil organic carbon (SOC), and total elements determined by model averaging for the Irish National Soil Database calibration (n = 242) and validation (n = 80) data sets. The best performing prediction derived from visible-near infrared (vis-NIr), mid-infrared (MIr), or portable x-ray fluorescence (pXrF) spectra for the validation data set is given for comparison. All units are mg kg -1 , except Al, Ca, Fe, K, Mg, Na, P, and S in g kg -1 . † introduced into the soil library. Overall, this model averaging approach resulted in a much greater success in soil geochemical characterization compared with other studies of soil geochemical characterization (Reeves and Smith, 2009; Soriano Disla et al., 2013a , 2013b using the traditional approach of selecting the best-performing model from a single spectral method.
CONClUSIONS
In this study, a model averaging technique (GrangerRamanathan averaging) was employed to combine model outcomes derived from vis-NIR or MIR spectra with pXRF spectra. The synergistic use of vis-NIR, MIR, and pXRF resulted in good predictive status for a large number of soil properties (n = 25). This considerably increases the capacity of spectral methods for soil geochemical characterization. Most notable, the prediction of a number trace elements (As, Cd, Co, Cu, Hg, Mn, Ni, and Zn) was possible by using more than one spectral method. Therefore, synergistic use of independent vis-NIR, MIR, and pXRF spectral methods is well placed to replace traditional wet chemistry for the analysis of soil elements as a tool to permit large scale routine soil monitoring.
